Abstract: Electric vehicles (EVs), one of the biggest innovations in the automobile industry, are considered as a demand source as well as a supply source for power grids. Studies have been conducted on the effect of EV charging and utilization of EVs to control grid peak or to solve the intermittency problem of renewable generators. However, most of these studies focus on only one aspect of EVs. In this work, we demonstrate that the increased demand resulting from EV charging can be alleviated by utilizing idle EV charging stations as a vehicle-to-grid (V2G) service. The work is performed based on data from Jeju Island, Korea. The EV demand pattern in 2030 is modeled and forecasted using EV charging patterns from historical data and the EV and charging station deployment plan of Jeju Island's local government. Then, using a Monte Carlo simulation, charging and V2G scenarios are generated, and the effect of V2G on peak time is analyzed. In addition, a sensitivity analysis is performed for EV and charging station deployment. The results show that the EV charging demand increase can be resolved within the EV ecosystem.
Introduction
The global automobile market is rapidly changing from internal combustion engine cars to environmentally friendly ones because of concerns regarding the environment and air pollution. Electric vehicles (EVs), which use an electric battery and a motor, are emerging as effective alternatives for environmental improvements. Korea aims to provide 200,000 eco-friendly cars by 2020, and the local government of Jeju, the largest island off the coast of Korea, announced a plan in September 2013 to build a "carbon-free island" by 2030 [1] . According to the plan, all commercial vehicles will be changed to EVs by 2030. The increased number of EVs will increase electric charging demand, requiring Jeju Island to make preparations to address the power peak problem. A vehicle-to-grid (V2G) technique could be a good solution to this problem.
Studies related to EVs have been performed from various viewpoints, e.g., (1) the influence of EV penetration into the power system; (2) EV operating algorithms; (3) EV charging prices; (4) power demand forecasting according to EV supply; (5) technical analysis of and effect on the power system using V2G.
Prior research related to the influence of EV penetration into the power system includes analysis of the voltage sensitivity of the distribution system according to EV charging location [2] , analysis of the effects on the power system [3] [4] [5] , and study of the stability of the system using EVs [6] [7] [8] .
Research related to EV operating algorithms has addressed operating optimal charge/discharge processes through power system analysis [9] , economic operating algorithms for photovoltaic (PV) categories: business, freight and special vehicles, rental cars, buses, and taxis; their anticipated proportions of the total number of vehicles in 2030 are 62%, 22%, 9%, 6%, and 1%, respectively [1] . As of September 2017, the number of EVs deployed was 8242, which represents 2.25% of the 366,713 total number of registered vehicles. Of these, 73% are personal, including those operated for business, 25% are rental cars, and 2% are taxis, and the numbers of buses and freight and special vehicles are 63 and 2, respectively. The number of buses and freight and special vehicles are less than 1% of total EV supply so far.
Jeju's electricity sales amount was 4,738,201 MWh, and the peak power was 840 MW in 2016, occurring during summer dinner time, 12 August, 18:00 [1] . According to the 7th Electric Power Supply and Demand plan of Korea, Jeju's power demand and peak power in 2029 are forecasted to be 7234 GWh, and 1132 MW, respectively, yielding growth of factors of 1.5 and 1.3, respectively, from 2016 values, as shown in Figure 1 [40] . 
Analysis of EV Charging Pattern
EV charging patterns were analyzed by using Jeju's EV charging operation data from a commercial charging company obtained between January and September 2017. The data include individual data of the type of vehicles, charging time, and charging amount, etc. Bus, freight and special EVs are not included in this analysis because too few of these vehicles are deployed, and, furthermore, most of these types of vehicles would not use commercial charging stations. Charging station data include commercial fast and slow chargers but not personal slow chargers because most personal slow chargers would be used at night and the impact on the grid would be limited.
EV Charging Amount per Visit
The number of EVs registered in Jeju increases linearly while the monthly charging does not increase in proportion to the number of EVs, as shown in Figure 2 . Figure 2 shows the charging amount by type of EV: personal was 80% of the total in June 2016, with 9% for business, 8% for rentals, and 4% for taxis. From November 2016, the proportion of rental charging amount increased, and, by September 2017, 70% of the total charging amount was for rental EVs. This shows that the supply of rental EVs is growing much faster than that of others. 
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Analysis of EV Charging Pattern
EVs have different charging patterns depending on their types, as shown in Figure 4 . For example, rental cars charge more than twice as much compared to other types. This is reasonable because the driving distances of rental cars tend to be higher than for others. Individual cars are charged most often during commute times, 08:00 and 18:00, rental cars are charged most frequently in the afternoon, 11:00 to 17:00, and business cars are charged typically during office hours, 10:00 to 17:00. Charging patterns depend somewhat on EV type, despite some differences, but most charging at commercial charging stations occurs during the daytime. As reviewed in the previous section, demand charging pattern modeling is an important part of the forecasting. However, uncertainty is too great to make long-term forecasts. In this study, it is assumed that the charging pattern for each EV type remains the same from 2017 to 2030. 
EV Charging Demand Forecast
The annual EV charging demand and peak power for Jeju in 2030 were predicted based on the analysis of the EV charging patterns obtained from the previous section and the EV transition plan. Battery swapping is the most commonly used method for buses to shorten the charging time, as buses have large battery capacity compared to that of passenger vehicles [42, 43] . For such vehicles, battery charging can be performed with slow charging or charging in advance at night to reduce electricity costs. Consequently, the effect on peak power by charging demand for buses is limited. For a similar reason, freight and special EVs were not considered in the EV charging demand forecast. The composition of EVs by type would be different between 2017 and 2030, as 2017 is the early stage of EV transition. Therefore, the EV type composition change should be considered for forecasting power charging demand. The forecasted annual charging power demand can be calculated as
where i is the element of G, a set of EV types, 
where i is the element of G, a set of EV types, P Y EV, Total (t) is year Y's hourly EV charging power demand at time t (kWh/h), p re f EV, i is the average charging amount of type-i EVs at time t (kWh/h), N Y represents year Y's number of EVs, and ρ Y i is the proportion of type-i EVs in year Y (in percent). The resulting hourly EV charging pattern for a day in 2030 can be forecast as shown in Figure 5 . The EV charging peak appears at 18:00, which is the same as Jeju's grid peak hour in 2017. The peak power at 18:00 in 2030 is forecasted as 94,766 kW. 
EV Charging Station Installation
As of December 2017, EV chargers in Jeju consist of 86% for personal use and 14% for commercial use. All of the personal use chargers are slow chargers and are not the target of this study. Commercial chargers consist of 649 slow and 374 fast chargers. In 2030, all slow chargers will be used only for personal use, and 4353 fast chargers will be installed for commercial use. The capacities of slow and fast chargers are 7-8 kW, and 50 kW, respectively, in 2017. However, it is expected that the capacity of fast chargers will increase to meet the EV battery capacity increase mostly as a result of cost reduction. In this study, it is assumed that the capacity of a fast charging station reaches 150 kW. This is a reasonable assumption given the forecasted EV battery size [41] .
EV Station Operation to Reduce EV Charging Peak
As described above, the considered EV charging power accounts for 8.4% of Jeju's total peak power in 2030. This could have a huge impact on power grid operation without anything being done to improve the situation. In this study, an idle charging station utilization approach is applied to reduce the impact on the power grid caused by EVs.
Idle EV Charging Station Estimation
To analyze the EV station status, the total capacity available for V2G and the state of the EV station are measured. The total EV charging capacity, , can be calculated from the number of supplied chargers, , and the power consumption per charger, , as follows:
The charging capacity of EV chargers is expected to be 150 kW in 2020 (up from the current value of 50 kW) [44] . The total EV charging capacity, , is estimated as 653,100 kW given the EV charger supply plan in Jeju [1] .
The amount of idle station capacity in year Y at time t, ( ) , is the remaining capacity excluding EV charging power ( ):
The total idle station capacity for each year is estimated as the blue range in Figure 6 according to the number of EVs and EV station supply plan. The Jeju EV charging power at peak time is approximated as 94,766 kW in 2030, so the total idle station capacity is 558,334 kW. This means that a maximum of 83% of chargers can be used for V2G operation during peak times. 
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Idle EV Charging Station Estimation
To analyze the EV station status, the total capacity available for V2G and the state of the EV station are measured. The total EV charging capacity, EC Y c , can be calculated from the number of supplied chargers, EC Y n , and the power consumption per charger, EC c , as follows:
The charging capacity of EV chargers is expected to be 150 kW in 2020 (up from the current value of 50 kW) [44] . The total EV charging capacity, EC Y c , is estimated as 653,100 kW given the EV charger supply plan in Jeju [1] .
The amount of idle station capacity in year Y at time t, SC Y c (t), is the remaining capacity excluding EV charging power P Y Total (t):
The total idle station capacity for each year is estimated as the blue range in Figure 6 according to the number of EVs and EV station supply plan. The Jeju EV charging power at peak time is approximated as 94,766 kW in 2030, so the total idle station capacity is 558,334 kW. This means that a maximum of 83% of chargers can be used for V2G operation during peak times. Erlang's formula with parallel servers was applied to analyze the state of the EV station according to EV arrivals with a Poisson process and a Weibull distributed charging time [45] . The number of servers, r, becomes the EV station number, e.g., 4350 in the 2030 Jeju scenario. Considering the characteristics of EV type, the arrival rate and service time of EV type m is expressed as and . The total arrival rate is denoted = ∑ =1 . The arrival rate and service time are determined in relation to the number of EVs, driving pattern and the battery capacity of EV types.
Let , 0 , and be the traffic intensity of station i, the probability all stations are idle, and the probability all stations are busy. The probability an EV of type m is assigned to station i is calculated as
where is the correlation factor related to the number of station, traffic intensity, and station preference. Assuming exponential service times, it is approximated as [46] 
Using (4), the intensity of station i is calculated as
and, the average EV station utilization is measured as
In (5) and (7), the average intensity of a station, , is the average intensity of stations measured as the ratio of the mean arrival rate over the mean service time, = ⋅ .
(8) Let ρ i , P 0 , and P r be the traffic intensity of station i, the probability all stations are idle, and the probability all stations are busy. The probability an EV of type m is assigned to station i is calculated as
where κ is the correlation factor related to the number of station, traffic intensity, and station preference. Assuming exponential service times, it is approximated as [46] 
In (5) and (7), the average intensity of a station, ρ, is the average intensity of stations measured as the ratio of the mean arrival rate over the mean service time,
The state of station could be iteratively measured with the characteristic and preference of each EV using from (4) to (7) . However, an estimation is required about the individual profile of each EV in 2030. To show the overall performance, the state of station could be analyzed using the average intensity of a station in (8) .
For 15. This tells us that the probability that the station is empty for V2G operation during peak times (1 − ρ) becomes 85%, which is the same as mentioned above.
In addition, the state of a station is changed by V2G. To show the effect of EV by V2G, the average waiting time for an EV in an EV charging station is calculated as
and this value approximately becomes 0 in the 2030 Jeju scenario. These results show that EV charging stations have enough capacity to use V2G.
Idle EV Charging Station Operation Strategy
To utilize an idle EV charging station, V2G technology is applied. The station operator can call available vehicles to idle stations for V2G by proposing incentives to attract vehicle owners. According to the EV charging estimation, <3% of the entire vehicle fleet is being charged at any one time and only 15% of station capacity is occupied during grid peak hour. This means that the number of potential vehicles that can participate in V2G is large enough even if the state of charge and driving status vary and that the number of idle stations is also large enough for V2G operation. This study focuses on the effect of V2G, not the pricing and specific operation algorithms.
Case Study
A case study was performed based on Jeju's EV charging demand forecasting model by using Monte Carlo simulation, which is generally used to obtain numerical results using random sampling [45] . The models obtained earlier on charging distribution and charging amount per visit were applied.
The EV charging simulation was performed for 17:30-19:30 to consider the boundary effect of charging because the expected peak time is 18:00-19:00. The number of charging stations was 4354, and all of them were fast chargers as discussed earlier. The charging distribution model per visit obtained in Section 2.2.1 was applied. The EV battery capacity was set to 90 kWh and the charge and discharge rates were both 1.6, which is same as the current rate as a conservative assumption. A sample of the simulation results is shown in Figure 7 . The black lines represent charging. In this case, the peak power was 93,736 kW with a total of 2833 visits during 18:00-19:00.
For V2G, the V2G capacity per visit was set to 37.8 kWh, which is the same amount of anticipated average charge per visit in 2030; 15.1 min of interconnection time is required for pure power provisioning. In this case study, an extra 10 min time was added for V2G to facto in spare time. That means at least 25 min is required to use an idle charging station for V2G. The maximum number of vehicles required for V2G is <3000, which is much smaller than the number of EVs in 2030 (377,000). The vehicles required for V2G is thus <0.8% of the entire Jeju EV fleet. Therefore, it reasonable to assume that there are enough V2G participants if the appropriate reward is provided, which is not the focus of this study.
The entire simulation was conducted 1000 times, and the results of charging peak demand and V2G power in the peak hours are shown in Figure 8 . The average of the charging peaks is 93,009 kW and V2G power is 241,498 kW. This means that V2G can easily resolve or cancel out the charging demand as usual. In addition, the sensitivity of varying the number of EV charging stations was addressed. A relative EV station supply ratio of 1 is used according to the current EV station supply plan. These experiments can have an equivalent effect to that of a changing EV supply.
In Figure 9a , the blue line with circles and red line with diamonds present the EV and V2G power at peak time when the relative EV station supply ratio is changed from 1 to 0.3. The V2G power In addition, the sensitivity of varying the number of EV charging stations was addressed. A relative EV station supply ratio of 1 is used according to the current EV station supply plan. These experiments can have an equivalent effect to that of a changing EV supply.
In Figure 9a , the blue line with circles and red line with diamonds present the EV and V2G power at peak time when the relative EV station supply ratio is changed from 1 to 0.3. The V2G power linearly decreases with a reduction in the relative EV station supply ratio. This is because the availability of V2G is related to the number of empty EV stations coupled with the average intensity ρ, as shown in (8) . Although EV peak power decreases, the amount is not large. Therefore, the contribution of V2G appears only as the V2G power decrease shown in Figure 9b . However, even if the EV station supply is reduced to about 50% of the current scenario, the effect of EV charging at peak time can be alleviated by V2G. linearly decreases with a reduction in the relative EV station supply ratio. This is because the availability of V2G is related to the number of empty EV stations coupled with the average intensity , as shown in (8) . Although EV peak power decreases, the amount is not large. Therefore, the contribution of V2G appears only as the V2G power decrease shown in Figure 9b . However, even if the EV station supply is reduced to about 50% of the current scenario, the effect of EV charging at peak time can be alleviated by V2G.
(a) EV peak and V2G power (b) V2G contribution Figure 9 . Change of EV peak and V2G power and V2G contribution when relative EV supply ratio is reduced from 1 to 0.3. Figure 10 shows the average waiting time for EV charging according to the relative EV supply ratio. It expresses why the EV peak power is reduced with the relative EV station supply ratio reduction in Figure 9a . If the EV station is less supplied than the plan, the mean arrival rate of an EV, , will increase and the average waiting time for EV charging would grow exponentially according to (9) . However, if the supply of the EV station is spread more than 90% of the current plan, the average waiting time for EV charging will increase by less than 50% (from 0.07 min to 0.1 min). Even in this case, V2G can solve the peak power problem caused by EV charging, as shown in Figure 9b . 
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In this study, the annual charging power demand and peak power generated by EVs distributed in Jeju in 2030 were predicted. Then, to resolve the grid peak power increase by EVs, V2G utilizing idle charging stations was proposed. To forecast the impact of V2G, a Monte Carlo simulation was performed by using the EV charging distribution model obtained from the current EV charging data. As a result, it was proven that the grid peak increase by EV charging can be easily resolved or canceled out by utilizing V2G with idle charging stations. In addition, by performing a sensitivity analysis for EV and charging station supply changes, it was also shown that the approach is effective.
This paper introduced the guidance to V2G utilizing idle charging stations. This research will be extended with several problems for future study. First this study analyzed the overall performance with average values. The study will be extended considering the effect exerted by the characteristics and preference of each EV type and station. Similarly, this study used the profile in the EV charger supply plan. The study will be researched according to the demand pattern modeling and supply forecasting with the EV ecosystem deployment. 
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